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Brown trout Salmo trutta is an adaptable species
found in a wide range of habitats; from streams,
rivers and lakes in freshwater to marine coastal
areas. In anadromous populations (sea trout), indi-
viduals spawn in freshwater and all or parts of the
population migrate to marine habitats for feeding
after smoltification, often several times during their
lifetime (Jonsson & Jonsson 2011, Thorstad et al.
2015). Smolts typically leave rivers in spring (March
to June) (Thorstad et al. 2016). When smolts and vet-
eran migrants reach the sea they may encounter
salmon louse Lepeophtheirus salmonis larvae and
risk being infested. Sea trout stay in coastal areas
such as estuaries and fjords before returning to fresh-
water, usually the summer or autumn after they
entered the sea (Jensen et al. 2015). The advantages
of marine migrations include enhanced growth and
fecundity and thereby increased individual fitness,
while the costs of sea migration include increased
mortality and the energetic investment in smoltifica-
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ABSTRACT: For successful evaluation of the overall effects of salmon louse infestation on brown
trout population dynamics, it is crucial to have a realistic understanding of how lice infestation dis-
tributions are generated and how they should be interpreted. Here, we simulated the potential
effects of spatio-temporal variance in lice larvae densities, temporal variance in sea trout marine
migration timing and spatial variance in marine habitat use on lice infestation distributions. We
show that, when sampling populations with individual variation in marine behaviour, e.g. from
post-smolts to veteran migrants, we must expect multi-modal mixture lice infestation distribu-
tions. Applying standard statistical distributions, such as the Poisson, negative binomial or zero-
inflated distributions, can be too simplistic and give biased results. Temporary increases in salmon
lice load in a given area may have inconsistent effects among individuals of a population and may
be critical for vulnerable groups such as post-smolts, dependent on timing. For many analyses, it
will be necessary to resolve the contributions from groups of fish with different lice infestation
expectations due to spatio-temporal differences in habitat use within the overall mixture distribu-
tion. Another consequence is that different data sources, obtained by different methods or sampled
at different locations and periods, must be expected to give different lice infestation distributions,
even when sampling the same population. We also discuss additional factors that may complicate
the interpretation of salmon lice infestation distributions on sea trout, such as lice-induced mortal-
ity, and behavioural changes, such as premature return to less saline water for delousing.
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tion and migration (Gross et al. 1988, Jensen et al.
2019). The most beneficial strategy varies among
individuals and populations (Thorstad et al. 2016,
Nevoux et al. 2019). Populations can change their
migratory habits when major environmental factors
such as water flow change (Sandlund & Jonsson
2016), as can the tendency for marine migration
versus residency (Solomon 2006).
Salmon lice are external parasites occurring natu-
rally on salmonids in the marine environment. They
remove mucus, skin and tissue from the host. As skin
damage and lesions develop, host fish may be vulner-
able to osmoregulatory dysfunction, physiological
stress, secondary microbial infections and ultimately
increased marine mortality (Pike & Wadsworth 1999,
Finstad & Bjørn 2011, Thorstad et al. 2015). Salmon
lice from fish farms are a major threat for wild sal -
monids (Forseth et al. 2017) because farmed salmon
act as hosts for salmon lice and increase the produc-
tion of infective salmon louse larvae in coastal areas
(Taranger et al. 2015). High lice infestation pressure
from salmon farms has been shown to increase the
number of lice on wild salmonids (Serra-Llinares et al.
2014, Shephard et al. 2016, Vollset et al. 2018a), and is
especially pertinent for many sea trout populations
(Thorstad & Finstad 2018, Nevoux et al. 2019) be -
cause sea trout typically remain in the same coastal
areas where farms are situated during their stay in the
marine habitat. High levels of lice infestation may also
lead to premature migratory return to brackish water
or freshwater (Bjørn et al. 2001, Wells et al. 2007,
Serra-Llinares et al. 2018, 2020). The state of 430
 Norwegian sea trout populations has recently been
evaluated by the Norwegian Scientific Advisory
Committee for Atlantic Salmon (Anon. 2019), who
found that nearly half of the populations (208) were in
a poor or very poor state. Salmon lice had the largest
negative impact on sea trout populations among an-
thropogenic impact factors (Anon. 2019), affecting
91% of the classified populations.
Data on salmon louse infestation levels on sea trout
hosts are used when evaluating effects of infestive
salmon louse larvae densities in wild salmonid pop -
ulations (Vollset et al. 2018b). For successful eval -
uation of the effect of salmon lice on sea trout
 population dynamics, it is crucial to have a realistic
understanding of the salmon louse infestation pro-
cess under different scenarios of lice larvae densities.
Lice infestation models exist for Atlantic salmon
(Sandvik et al. 2016, Kristoffersen et al. 2018) but
because the marine habitat use and behaviour of sea
trout differs substantially from that of Atlantic
salmon (Vollset et al. 2017), a dedicated lice infesta-
tion model for sea trout is required. In addition, con-
trolled infestation challenges suggest that different
host species may differ in their susceptibility to
salmon lice (Bui et al. 2018).
Sea trout display a diversity of marine migration
patterns and life-history strategies (Aldvén et al.
2015, Eldøy et al. 2015). Major challenges when
analysing catch sample lice infestation distributions
for a coastal area are that sampled fish may have
been at sea for varying lengths of time, they may
have utilized or moved between different coastal
habitats with varying lice larvae densities from near
shore and brackish waters to open water areas close
to salmon farms, and they may originate from differ-
ent populations with different migration histories.
Additionally, fish are not necessarily captured close
to the site where they were infested. Therefore, sam-
ples of sea trout collected by different methods, at
different coastal locations and over different periods
can give very different lice infestation sample distri-
butions, even if the spatio-temporal lice larvae distri-
butions at sea are the same. Samples may consist of
several sub-populations with potentially very differ-
ent lice infestation rates and distributions, depending
on marine residence time and habitat use. Salmon
louse infestation in wild sea trout populations must
therefore be expected to generate multi-modal mix-
ture distributions. Most studies of salmon louse infes-
tation distributions either use the Poisson (Murray
2002, Patanasatienkul et al. 2015) or the negative-
binomial distribution (Heuch et al. 2011, Vollset et al.
2017, 2018a); these approaches may be too simplistic
because they assume all lice counts are observations
from the same distribution. Alternatively, zero-in -
flated distributions, which can be considered to be a
2-modal version of the mixture distribution where
the ‘false zeros’ are from a group of fish that have
not been exposed to salmon louse, have been used
(Kristoffersen et al. 2013, Helland et al. 2015).
Explicit modelling of the spatio-temporal marine
habitat use and associated lice infestation probability
of individual sea trout may become too complex to
handle and parameterize in a reliable way. An alter-
native may be to model the expected contributions
from different spatio-temporal groups of fish to the
total lice infestation mixture distribution, where the
relative contributions from the different groups will
depend on when and where the fish are sampled. In
order to correctly interpret a lice infestation distribu-
tion sampled in nature, it is important to acknowl-
edge that this will most often be a mixture distri -
bution consisting of different groups of fish with
different distributional parameters.
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In the present study, we illustrate how salmon
louse infestation mixture distributions can be gener-
ated by simulating potential effects from temporal
variance in sea trout marine migration timing and
spatial variance in marine habitat use. We also dis-
cuss additional factors that further complicate the
interpretation of lice infestation distributions, such as
lice-induced mortality and behavioural changes such
as delousing migrations to brackish water or fresh-
water, which may truncate the distribution.
2.  METHODS
Salmon louse infestation distributions were simu-
lated under 3 conditions: (1) a sea trout population
with a homogeneous infestation pressure (utilizing
the same marine habitat for the same period of time);
(2) a sea trout population exposed to a temporally
varying lice infestation pressure; (3) a sea trout pop-
ulation consisting of sub-populations experiencing
different lice infestation pressures. Models were fit-
ted assuming independence between lice infesta-
tions and assuming no effect of host size on infesta-
tion probability. All simulations and calculations
were performed using the statistical software R v.
3.6.2 (R Core Team 2019).
2.1.  Lice infestation distributions for homogeneous
groups of fish
Lice counts could be modelled as a Poisson process
if these were homogeneous with no overdispersion,
but data on lice counts show that the variance in the
lice infestation distribution is larger than expected
for the Poisson distribution (Helland et al. 2015). The
negative binomial distribution has been considered
appropriate for situations like this and has become
the prevailing method of modelling aggregation of
parasites per host (Yakob et al. 2014). This over -
dispersion can, for example, be caused by small scale
spatial variation in lice density or variation in individ-
ual behaviour among fish (such as differing horizon-
tal and vertical migration patterns).
We modelled the probability that lice abundance X
equals x for a homogeneous group of fish using a
negative binomial probability mass function P, with
mean μ, dispersion parameter θ (also called size or n)
and variance σ2 = μ + μ2 / θ (which is always greater
than the mean): 
(1)
The negative binomial distribution approaches the
Poisson distribution when θ becomes large. The in -
crease in variance:mean ratio for the negative bino-
mial relative to the Poisson distribution (where this ra-
tio equals 1) is described by the mean:dispersion ratio
c = μ / θ = σ2 / μ – 1.
For a sea trout that has been in a given marine
habitat in Week i, the number of salmon louse larvae
attached during this week Xi was assumed to have a
negative binomial distribution with expected lice
infestation μi and dispersion parameter θi. Distribu-
tions were created based on numbers from real sur-
veillance data, using low and high infestation weeks
(Gjelland et al. 2014, their Table 3). For the illustra-
tion of a ‘low-infestation week’, realized lice infesta-
tions for a group of sea trout (nLow = 400) were simu-
lated from a negative binomial distribution with
expectation μLow = 4 lice per host and dispersion
parameter θLow = 0.22. For the ‘high-infestation
week’, the same number of fish (nHigh = 400) were
simulated from a distribution with expectation μHigh =
138 and dispersion θHigh = 2. To illustrate the large
estimation uncertainty expected from skewed dis -
tributions like these, even when assuming ideal
 random sampling, repeated samples from the same
distribution were simulated 1000 times and the para -
meters of the negative binomial distribution esti-
mated from the simulated samples.
2.2.  Lice infestation distributions accumulated over
a period with varying infestation intensities
Lice infestation distributions were then simulated
for a group of fish that migrated to sea at the same
time and stayed together in the same marine ha -
bitat over several weeks (referred to here as an
‘ocean group’), but were exposed to varying lice
larvae densities during this period. For simplicity,
each week at sea was assumed to be an independ-
ent ‘experiment’, where the number of lice attach-
ing in different weeks and on different fish was
independent.
The accumulated number of lice X attached to a
fish over k weeks was modelled as the sum of in -
dependent negative-binomially distributed variables
X = X1 + X2 + … + Xk, where parameters μi and θi
 varied among weeks as a function of varying lice lar-
vae density levels, still assuming the mean:disper-
sion ratio  c = μi / θi = σ2i / μi – 1. The sum X therefore
had a negative binomial distribution, with parameters 
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Here, the accumulation of salmon lice on individ-
ual fish was simulated for k = 3 weeks, where the first
week was parameterized to be similar to the low-
infestation week for the homogenous group (Section
2.1.), i.e. (μ1,θ1) = (4,0.22), while the parameters for
the next 2 weeks, (μ2,θ2) = (80,1.06) and (μ3,θ3) =
(54,0.72), were adjusted so that the accumulated lice
infestation over 3 weeks corresponded to the high-
intensity sample (Week 24, Gjelland et al. 2014, their
Table 3).
2.3.  Mixture distribution when lice infestation
expectations differ among ocean groups
All fish who migrate out the same week and stay in
the same marine habitat for the whole period have so
far been assumed to have the same expected accu-
mulated lice infestation and can be considered to be
from the same statistical population. In contrast, sam-
ples obtained from gill-nets or fyke traps at sea, or
sea trout captured when returning to freshwater,
will be composed of a mixture of different spatio-
temporal ocean groups with different parameters for
their respective accumulated negative binomial
 distributions.
To illustrate potential characteristics of the mixture
distribution, 3 ocean groups with large differences in
accumulated lice infestation distribution parameters
were simulated. Lice infestation was simulated to
decrease over 3 weeks, with weekly expectations of
100, 50 and 10 lice respectively, and the weekly vari-
ances were set low to emphasize the multi-modal
characteristic of the mixture distribution. These
ocean groups can be considered to have migrated to
sea for 3 consecutive weeks (temporal groups), but
the same mixture distribution can be obtained by
assuming that the fish stayed for the same period
in different marine habitats with differences in
expected lice infestation (spatial groups).
3.  RESULTS
3.1.  Simulated lice infestation distributions for
homogeneous groups of fish
The ‘low-infestation week’ simulation gave a pre -
valence of 50% and a mean intensity of 8.4 (±12.2
SD; max. = 80), corresponding approximately to the
observations for Week 22 (Gjelland et al. 2014, their
Table 3) (Fig. 1a). The simulated ‘high-infestation
week’ sample had a prevalence of 100% and a mean
intensity of 139 (±102 SD; max. = 662) (Fig. 1b), cor-
responding to Week 24 (Gjelland et al. 2014, their
Table 3) when assuming that these fish had just 1
week of lice exposure.
From repeated simulations from the low-infesta-
tion distribution presented above, with parameters
(μLow,θLow) = (4,0.22) and sample size 400, approxi-
mate 95% confidence intervals [2.7,5.9] and [0.168,
0.280] were obtained for μLow and θLow respectively.
For the high-infestation simulations with para meters
(μHigh, θHigh) = (138,2) and sample size 400, approxi-























Fig. 1. Simulated salmon lice infestation distributions for a group of sea trout from (a) a low-infestation week and (b) a high-
infestation week. Red lines: binomial distributions used to simulate the lice abundances
3.2.  Simulated distributions for a period with
varying lice infestation expectations
Fig. 2 shows the simulated lice infestations for each
of the 3 weeks, with weekly parameters (μ1,θ1) =
(4,0.22), (μ2,θ2) = (80,1.06) and (μ3,θ3) = (54,0.72), re -
spectively, and the accumulated lice infestation dis-
tribution after 3 weeks. Expected accumulated lice
infestation after 3 weeks equals the sum of the 3 sin-
gle-week expectations, i.e. 138 lice, and the shape of
the negative binomial distribution (Fig. 2d) was similar
to the high-infestation week in Section 3.1. (Fig. 1b).
This approach can be refined if supporting data on
lice development stage is available, which may be
used to estimate expected length of sea residency.
3.3.  Simulated mixture distribution when lice
infestation expectations differ among groups
Fig. 3 shows the simulated ocean group that
migrated to sea in Week 1 and accumulated lice in all
3 weeks (Fig. 3a; μ123 = μ1 + μ2 + μ3 = 160 lice), the
ocean group that entered the sea in Week 2 and






































Fig. 2. (a,b,c) Weekly lice infestations for Weeks 1 to 3, respectively, and (d) the total accumulated lice abundance distribution
after the 3 weeks. Expected means for the 3 weeks are 4, 80 and 54, respectively, and 138 for the total distribution. Red lines:
distributions used for the simulation from and the theoretical distribution for the 3 week accumulated distribution; blue lines:
negative binomial distributions fitted directly to the simulated samples (only visible in panels b and d)
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accumulated lice in Weeks 2 and 3 (Fig. 3b; μ23 = 60
lice), the ocean group that was infested by lice in
Week 3 only (Fig. 3c; μ3 = 10 lice), and the mixture
distribution resulting if the 3 temporal ocean groups
were of equal size at time of sampling (Fig. 3d). The
mixture distribution had 3 modes, with a mode con-
tributed from each of the groups.
4.  DISCUSSION
In this paper, we have illustrated the challenge of
correctly parameterizing salmon louse infestation dis -
tributions for sea trout. By explicitly considering the
biological mechanisms rather than just fitting stan-
dard distributions to lice counts from catches of wild
sea trout lice, infestation distributions observed in
nature can be recreated. Model simulations show
that multi-modal mixture distributions must be ex -
pected for sea trout lice infestations when sampling
from populations with individual differences in mi -
gration timing and marine habitat use. As long as the
contributions from the different ocean groups to a
catch sample are representative of the situation for a
sea trout population in nature, covering spatial vari -



































Fig. 3. Accumulated lice infestation distributions in Week 3 for the 3 temporal ocean groups: (a) all 3 weeks; (b) Weeks 2 and
3; (c) Week 3 only. (d) The mixture distribution after Week 3 if the groups are assumed to be of equal size. Red lines: theoretical 
distribution from which we simulated; blue lines: fitted negative binomial distributions
in sea trout migratory behaviour, parameters from
 single-group distributions can be determined. One
ad vantage with this approach is that individual
movements and infestations do not have to be mod-
elled explicitly. Knowledge of single-group distribu-
tions can be crucial when evaluating the impacts of
human disturbance in the marine habitat, vital for
sustainable management. For example, a temporal
peak in lice releases from Atlantic salmon farms can
affect sea trout ocean groups very differently, de -
pending on marine habitat choice relative to farm
location and timing of migration relative to the peak
in lice re leases. This modelling approach can also be
applied for other species with similar marine resi-
dence time and habitat use as sea trout, such as Arc-
tic char Salvelinus alpinus (Jensen et al. 2012) or
Pacific salmonids.
With such skewed distributions and large natural
stochasticity, it will be futile to hope for precise pre-
dictions of lice infestation, but possible scenarios
caused by variance in salmon louse infestation pres-
sure can still be illustrated. A good understanding
of the lice infestation process and resultant distribu-
tions, beyond mean intensity and prevalence, is
essential when evaluating overall effects of increas-
ing salmon louse infestation pressure on sea trout
population dynamics and composition. Salmon louse
infestation will not only affect the marine mortality
and growth of sea trout (Gjelland et al. 2014, Halt-
tunen et al. 2018), but may also affect subsequent
life history traits such as delayed maturation and
decreased fecundity due to the reduction in marine
growth, increased freshwater mortality and reduced
degree of anadromy. The delayed effects from
salmon louse infestation at sea on life history traits
in freshwater have so far not been explicitly studied
for sea trout, but are expected to be very adverse
for abundance and size distributions. Vollset et al.
(2014) showed that age at maturity for Atlantic
salmon is influenced by growth rate at sea and
Tveiten et al. (2010) showed that lice infestation
delayed Arctic char maturation, both comparable
salmonid species.
There are inevitably several factors that affect
salmon louse infestation in sea trout that have not
been explicitly accounted for. Some factors are
fairly straightforward to include, but were not con-
sidered at this stage to emphasize our main points
and not make the simulations more complicated
than necessary. First, salmon louse infestation levels
are shown to increase with the size of the fish
(Jaworski & Holm 1992, Vollset et al. 2017). Size
dependency can be accounted for by assuming a
surface area proportionality (Jaworski & Holm 1992)
in the expected lice infestation. Second, depend-
ence among lice infestations can affect the variance
of the distribution, either as within-fish dependency,
where ongoing lice infestation may alter fish behav-
iour and thereby the probability of more lice attach-
ing, or as among-fish dependency, such as schooling
or other correlated behaviour. Third, effects of sal -
mon louse infestation on sea trout marine mortality
and behaviour (Gjelland et al. 2014, Halttunen et al.
2018) will affect the shape of the lice infestation dis-
tribution; additional lice-induced mortality and pre-
mature returns to freshwater by highly infested
trout will right-truncate the distribution in marine
catches, while fish returning to sea from delousing
visits to less saline water will inflate the left tail of
the distribution. Right-truncation means that there
will be fewer fish with high lice infestation levels
than expected from the lice abundance mixture dis-
tribution, and that estimated prevalence and mean
intensity from a catch sample will be biased. In
addition, infested fish have been found to reside
closer to freshwater while at sea (Birkeland &
Jakobsen 1997, Serra-Llinares et al. 2018, 2020),
forcing the sea trout away from some of the most
beneficial growth habitats as well as reducing the
continued infestation.
Potential sampling effects can also disturb a
proper description of lice infestation distributions
for sea trout; lice can be rubbed off when the fish
are caught and handled, or lice can be overlooked
during counting, leading to a systematic underesti-
mation of lice infestation. Where in the marine habi-
tat the trout are caught, e.g. close to the river mouth
or further out, can have a large effect on the propor-
tions of the different spatio-temporal groups in the
sample and thereby also the observed mixture dis-
tribution. There is also a possibility that catch prob-
ability can be affected by lice infestation, i.e. in -
fested fish may be more likely to be observed by
some sampling methods. Different data sources,
obtained by different sampling methods at different
locations and collected over different periods, must
therefore be expected to give different lice infesta-
tion distributions even if the sampled fish have
migrated to the same coastal region. For example,
fish caught mid-season just outside the river mouth
could consist of either recently seaward migrated
fish with no or few lice or fish returned prematurely
from the sea due to high lice infestations. The sam-
pling design must therefore be well planned in
order to obtain representative samples and yield the
requested information.
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The issue of estimating parameters from a mix-
ture negative binomial distribution will only be dis-
cussed briefly here. To obtain reliable estimates of
lice infestation distribution parameters for sea trout
populations, we depend on intensive and targeted
sampling. For a single ocean group of fish exposed
to the same expected salmon louse infestation in -
tensity, e.g. from sentinel cages where fish are kept
in cages at sea for a given period to monitor lice
pressure, a regular unimodal negative binomial dis -
tribution can be fitted to provide time- and place-
specific parameter estimates. When data comes
from gill-net or fyke catches, or from fish caught
when returning to freshwater, the sample will
probably be composed of fish from several ocean
groups, i.e. observations from a negative binomial
mixture distribution. The question is then whether
it is possible to identify the different spatio-tempo-
ral ocean groups, based on data such as lice devel-
opment stage and type of fish, since smolts can use
different habitats to veteran migrants (Eldøy et al.
2015) and females and males may prioritize marine
habitat use differently (Thorstad et al. 2016). Addi-
tional supporting data such as variance in lice lar-
vae densities and sea trout marine migration timing
and habitat use may also be useful when determin-
ing the number of, and relative contribution from,
different ocean groups. If the goal of the analyses,
for example, is to evaluate the effect of a change in
lice larvae density limited in time and space, the
sampling design or data sorting needs to be consid-
ered thoroughly so that the observations analysed
are representative for the ocean groups exposed to
this change. When the sample is composed of a
large number of spatio-temporal ocean groups, the
mixture distribution itself can be represented by a
single negative binomial distribution if the expecta-
tions from the different ocean groups can be
assumed to be gamma distributed. If knowledge of
the single-group parameters is not required, fitting
the resultant mixture distribution directly may suf-
fice for some analyses.
Considerable variation must be expected in sam-
ples of salmon louse abundance in wild sea trout, as
well as deviations from standard statistical distribu-
tions. Even if the number of complicating factors may
seem numerous, most of them can be handled in a
simulation model, but dedicated studies are required
to sort out the various contributions from real sam-
ples. Quantifying lice infestation in sea trout with
summary statistics like prevalence and intensity can
be misleading, since the distributions can be mixed,
multi-modal and truncated. Therefore, the whole lice
infestation distribution and the potential relative
contribution from the different groups of fish have to
be described.
To predict potential effects of increased salmon
lice loads on sea trout populations, we first need to
understand how varying lice larvae densities in
seawater and individual sea trout migration be -
haviour, as well as how we sample, can affect the
observed lice infestation distributions. Degree of
ana dromy, migration timing and duration, marine
habitat use and encountered lice larvae densities
may vary considerably among sea trout popula-
tions, both within a region and along environmen-
tal gradients (Ferguson et al. 2019), reducing the
generalization potential from data rich to data poor
rivers and populations. Knowing how different
spatio-temporal factors may affect the parameters
of the salmon louse infestation distribution will be
crucial for a robust interpretation of lice count
data, evaluation of the effect of salmon louse on
sea trout population dynamics and composition,
and finally, a sustainable management of sea trout
populations.
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